The parcellation of the cortex via its anatomical properties has been an important research endeavor for over a century. To date, however, a universally accepted parcellation scheme for the human brain still remains elusive. In the current review, we explore the use of in vivo diffusion imaging and white matter tractography as a non-invasive method for the structural and functional parcellation of the human cerebral cortex, discussing the strengths and limitations of the current approaches. Cortical parcellation via white matter connectivity is based on the premise that, as connectional anatomy determines functional organization, it should be possible to segregate functionally-distinct cortical regions by identifying similarities and differences in connectivity profiles. Recent studies have provided initial evidence in support of the efficacy of this connectional parcellation methodology. Such investigations have identified distinct cortical subregions which correlate strongly with functional regions identified via fMRI and meta-analyses. Furthermore, a strong parallel between the cortical regions defined via tractographic and more traditional cytoarchitectonic parcellation methods has been observed. However, the degree of correspondence and relative functional importance of cytoarchitectonic-versus connectivity-derived parcellations still remains unclear. Diffusion tractography remains one of the only methods capable of visualizing the structural networks of the brain in vivo. As such, it is of vital importance to continue to improve the accuracy of the methodology and to extend its potential applications in the study of cognition in neurological health and disease.
INTRODUCTION
For over 100 years, one of the most prominent and enduring research endeavors in neuroscience has involved the delineation and mapping of anatomically distinct subregions within the cerebral cortex (see Zilles and Amunts, 2010 , for a historical review). The focus on the parcellation of the cortex via its anatomical properties has been based on the foundation that structure determines function and, as such, structurally-defined boundaries may be used to infer regions of functional specialization Behrens and Johansen-Berg, 2005; Anwander et al., 2007) . Thus, elucidating the underlying structural organization of the brain is seen as of vital importance in understanding and mapping brain function. To date, however, no universally accepted parcellation scheme currently exists for the human brain (Toga et al., 2006; Perrin et al., 2008) .
An important property of the neuronal populations which comprise the cerebral cortex is the observation that their organization and distribution is not random, and neurons with similar microstructural properties cluster together to form coherent regions (Toga et al., 2006; Knosche and Tittgemeyer, 2011) . As a consequence, anatomical microstructure has become the principal marker used to define cortical boundaries in both humans and non-human primates (Amunts et al., 2007; Zilles and Amunts, 2010; Geyer et al., 2011) . In his seminal work on cerebral localization, Brodmann (1909) conducted his now famous parcellation of the cerebral cortex based on cytoarchitectonics, differentiating cortical regions on the basis of variations in cellular lamination patterns. Since then, cytoarchitecture has become one of the most prominent neuroanatomical features used for defining the structural and functional organization of the brain, becoming the "gold standard" for cortical parcellation (see e.g., Mesulam and Mufson, 1982; Amunts et al., 1999; Schleicher et al., 1999; Kotter et al., 2001b; Morosan et al., 2001 Morosan et al., , 2005 Eickhoff et al., 2005b Eickhoff et al., , 2006 Caspers et al., 2006; Gregoriou et al., 2006; Belmalih et al., 2009; Gallay et al., 2012) . In addition, although less prevalent, a number of other microstructural elements have also been used to differentiate segregated cortical regions, including myelination patterns (i.e., myeloarchitecture; Walters et al., 2003; Annese et al., 2004; Eickhoff et al., 2005b; Belmalih et al., 2009; Glasser and Van Essen, 2011; Gallay et al., 2012) , and receptor binding and (immuno)histochemical properties (i.e., receptoarchitecture/chemoarchitecture; Carmichael and Price, 1994; Hof and Morrison, 1995; Kotter et al., 2001b; Ongur et al., 2003; Geyer et al., 2005; Morosan et al., 2005; Belmalih et al., 2009; Gallay et al., 2012) .
Recent years have seen an explosion of research on the parcellation of the cortex via white matter connectivity. A crucial impetus behind this shift has been the advent of modern diffusion neuroimaging and probabilistic tractography, capable of visualizing long-range white matter tracts in vivo (Conturo et al., 1999; Parker et al., 2002 Hagmann et al., 2006) . To date, accurate visualization and identification of the brain's cellular composition and underlying microstructure has only been possible via post-mortem histological studies, limiting its utility in the study of functional specialization within the human brain. Consequently, researchers have attempted to use surrogate markers to identify the brain's underlying parcellation, such as gross sulcal/gyral landmarks. While such an approach may be successful for certain brain regions-most notably the primary and secondary cortical areas-for higher-order cortical regions, the brain's observable macroarchitecture is not a reliable indicator of cytoarchitectonic borders (Fischl et al., 2008) . In contrast, recent methodological advances in the tractographic approach have enabled the delineation of white matter fiber pathways within the living brain, even in regions of high anatomical complexity . The approach has increasingly been used to map the complex interconnected networks underlying higher brain function including uniquely human skills such as language (see e.g., Lehericy et al., 2004; Catani et al., 2005 Catani et al., , 2007 Makris et al., 2005; Barrick et al., 2007; Catani and Thiebaut de Schotten, 2008; Frey et al., 2008; Glasser and Rilling, 2008; Saur et al., 2008 Saur et al., , 2010 Makris and Pandya, 2009; Ford et al., 2010; Turken and Dronkers, 2011; Cloutman et al., 2012) . Diffusion tractography has enabled the parcellation of the cortex into functionally specialized subregions via their unique complement of corticocortical connections in vivo. A plethora of studies have been conducted aimed at furthering the technique, improving its accuracy and exploring its applications in the study of the structural and functional organization of the brain in normal and patient populations. However, the functional validity of these tractographically-defined cortical regions and degree of correspondence and relative functional importance of cytoarchitectonic-versus connectivity-based parcellations still remains unclear.
In the current paper, we review the use of in vivo diffusion imaging and white matter tractography as a non-invasive method for the structural and functional parcellation of the human cerebral cortex. We first explore the relationship between cellular and connective architecture as it relates to the correlation between cytoarchitectonic-versus connectivity-derived parcellations, and the relative influence of these two neuroanatomical features in the determination of cortical function. We then provide a methodological overview of white matter tractography and connectivity-based parcellation approaches, discussing the strengths and limitations of the tractographic approach and its use as a technique for the delineation of structural and functional subdivisions within the human cortex. Existing evidence regarding the efficacy of this connectional parcellation technique is examined and the correspondence between tractographic and cytoarchitectonic parcellations is explored. Finally, we review alternative structural and functional parcellation methodologies, and their relationship with cytoarchitectonic and structural connectivity-based techniques.
THE RELATIONSHIP BETWEEN CONNECTIVITY, CYTOARCHITECTURE, AND CORTICAL FUNCTION
Cytoarchitecture and connective architecture are complementary anatomical properties of the brain, which are both are heavily implicated in determining a region's functional capabilities. In order to reconcile the information provided by the two different structural features in relation to the functional organization of the cortex, it is of vital importance to understand the relationship between cellular organization and neural connectivity, and their relative influence in determining cortical function.
The neurons which compose the cortex have a range of physiological and structural properties which govern both a region's local computational processing capabilities and the organization of connective inputs and outputs (Jacobson and Marcus, 2008) .
Pyramidal cells comprise approximately two-thirds of neurons within the cortex. Axons from these cells form the majority of corticocortical connections, with small/medium sized cells terminating as association fascicles within the cortex, while large/giant cells form long-range association, callosal, and subcortical projection fibers. In terms of their electrophysiology, these neurons mainly demonstrate regular spiking, although some deeper layer cells may demonstrate burst firing (repetitive discharge) and form excitatory synaptic connections. The other principal cell type within the cortex are stellate cells, which are predominantly present in layer IV of the sensory cortex but are found in all laminar layers. These cells are associated with short axons which only project locally and do not participate in long-range connectivity. Electrophysiologically, these neurons are fast spiking with brief action potentials and form inhibitory synaptic connections.
An essential design principle of the cerebral cortex is the horizontal laminar arrangement of these cortical neurons, producing well-defined cellular layers (six within the neocortex, three within the allocortex), which vary in their composition across regions of the cortex (Brodmann, 1909) . These laminar patterns have been found to have a strong systematic influence on the origins and terminations of neural connections across the cortex. Specifically, feedforward connective pathways arise predominantly from superficial laminar layers (II/III) and terminate in granular layer IV, while complementary feedback connections originate from deep cortical layers (V/VI) and terminate mainly in extragranular laminae outside layer IV (Rockland and Pandya, 1979; Van Essen and Maunsell, 1983; Felleman and Van Essen, 1991) . Lateral (horizontal) connections demonstrate a more bilaminar pattern, with origins from both superficial and deep layers and terminations across all layers. Studies with non-human primates have identified that the principal determinant of this laminar regularity in the origin/termination of cortical connections is the relative cytoarchitectonic differentiation of the source and target cortical areas (Barbas, 1986; Barbas and RempelClower, 1997; Rempel-Clower and Barbas, 2000; Medalla and Barbas, 2006; Hilgetag and Grant, 2010) . Neuronal projections which arise from highly differentiated laminar regions (i.e., well defined layers, especially layer IV), which target less differentiated regions will principally originate from superficial laminar layers, while less-differentiated to more highly-differentiated projections will arise predominantly from deeper laminar layers. As such, not only is cytoarchitecture a strong determinant of the local processing capacity of a cortical region but it also has a strong influence on the organization of neural connectivity, governing and predicting origin/termination patterns of corticocortical connections.
While cytoarchitecture may influence the brain's connective architecture, there is strong evidence to indicate that the reverse is also true. Studies have revealed that neural connectivity is a key determinant of the anatomical and physiological features of a cortical region, strongly influencing both cytoarchitectural composition and neuronal response properties (for reviews, see Pallas, 2001; Ragsdale and Grove, 2001; Horng and Sur, 2006; Majewska and Sur, 2006) . For example, a study conducted by Rakic et al. (1991) , which explored the mechanisms underlying the formation of cytoarchitectural regions by reducing thalamic projections to the primate primary visual cortex (area 17) during a midgestational period, induced a subregion of area 17 to receive inputs normally destined for the secondary visual cortex (area 18). It was observed that the inappropriate input to this region resulted in the formation of a novel cytoarchitectonic region which had a cellular lamination pattern that was cytologically neither 17 nor 18 but a hybrid between the two. As such, while cortical regions appear to have a pre-programmed cytoarchitectonic composition (referred to as a protomap), the final cellular organization may be strongly influenced by the received inputs and their computational requirements.
There is also strong evidence to indicate that connective inputs have a profound influence in the determination of functional specificity within the cortex. In a series of elegant studies, Sur et al. experimentally induced retinal projections to innervate the medial geniculate nucleus (MGN) in the ferret brain, resulting in visual input to the auditory thalamus and primary auditory cortex (Sur et al., 1988; Roe et al., 1992; Angelucci et al., 1997; Sharma et al., 2000) . This resulted in an alteration of the anatomical and physiological features of the MGN such that they more closely resembled that of the (visual) lateral geniculate nucleus, with the clustering of retinal projections and eye-selective cellular segregation (Angelucci et al., 1997) . Unlike the study of Rakic et al. (1991) , the cytoarchitectural properties of the "rewired" MGN retained its normal organization, suggesting that there may be some limitations to the influence of connective input on cellular lamination patterns. Importantly, the novel visual inputs had a strong effect on the functioning of neurons within the primary auditory cortex. Specifically, these rewired neurons were found to demonstrate visual response properties, responding to visual-field stimulation and displaying computational response characteristics normally observed in the primary visual cortex, namely orientation tuning and direction selectivity (Sur et al., 1988; Roe et al., 1992; Sharma et al., 2000) . Thus, the functioning of neurons within a cortical region appears to be predominantly determined by their connective inputs, so much so that when sensory inputs are altered, cellular response features and functional properties develop to reflect the new domain rather than the old.
The preceding discussion has revealed a complex interplay between cortical microstructure and connective architecture in determining the anatomical and functional organization of the cortex. While cytoarchitecture determines a region's local processing capabilities, it may also strongly influence corticocortical connection patterns. Reciprocally, there is some evidence to indicate that neural connectivity may exert a strong influence on the anatomical and physiological characteristics of a cortical region. In relation to functional organization and specialization, a region's pattern of input and output connectivity determines both the nature of the information available to a region for processing and its capacity to transmit to and influence the processing of other cortical areas. As such, corticocortical connectivity is a strong determinant of a region's functional repertoire. There is strong evidence, however, that the influence of connectivity on cortical function may go well beyond this, such that a region's neural functioning may be ultimately determined by its connective inputs, at least at the local level. The importance of neural connectivity in determining functional specialization suggests that the mapping and parcellation of cortical regions on the basis of their connective architecture may provide crucial insights into the underlying functional organization of the cerebral cortex. Consequently, researchers have begun to explore the use of in vivo diffusion tractography and connectivity-based parcellations in the delineation of structural and functional subdivisions within the brain.
DIFFUSION TRACTOGRAPHY AND CONNECTIVITY-BASED PARCELLATION TECHNIQUES
Connectivity-based parcellations may be conducted using any methodology capable of mapping the white matter pathways of the brain, specifically tracer injections and diffusion tractography. While tracer studies can provide extremely fine-grained information about white matter anatomy, such a methodology cannot be extended to the study of whole brain connectivity and, most obviously, cannot be used to study the living brain (Jones, 2010) . As such, the principal methodology utilized in connectivity-based parcellations has been diffusion magnetic resonance imaging (MRI) and tractography. In the following section, we briefly outline the methodological underpinnings of diffusion MRI and white matter tractography techniques, before reviewing statistical approaches developed to parcellate the cortex based on the connectivity profiles identified.
METHODOLOGICAL FOUNDATIONS OF DIFFUSION MRI AND TRACTOGRAPHY
Diffusion refers to the random motion of water molecules (sometimes referred to as Brownian motion) that occurs as a result of intrinsic thermal energy (see Mori, 2007, and , for a thorough treatment of the topic; see also Le Bihan, 2007 , for a review of neuroanatomical basis of diffusion in the brain). Within a free medium, water molecules are able to move in all spatial directions, following a three-dimensional Gaussian distribution (isotropic diffusion). The neural architecture of the brain serves to hinder molecular movement and results in greater displacement along a specific direction (anisotropic diffusion) in regions with highly-ordered tissue structure, such as axon bundles. Specifically, within white matter, diffusion is less hindered parallel to the principal axis of a fiber bundle than perpendicular to it, meaning that the direction of greatest molecular displacement (principal diffusion direction) aligns well with the dominant fiber orientation. MRI pulse sequences can be modified to enhance sensitivity to this diffusion such that the signal becomes increasingly attenuated with the increasing displacement of water molecules (Stejskal and Tanner, 1965) . When this displacement is measured along multiple directions, a measure of the degree and direction of diffusion can be obtained, enabling calculation of the degree of anisotropy and identification of the principal diffusion direction (often referred to as the principal eigenvector). The diffusion displacement distributions obtained may then be used to infer the organization of white matter and the reconstruction of their trajectories via tractography.
There are currently two main tractographic approaches for the mapping of neural fiber pathways: deterministic (Conturo et al., 1999; Jones et al., 1999; Mori et al., 1999; Basser et al., 2000) and probabilistic (Behrens et al., 2003b; Alexander, 2003, 2005; . In deterministic tractography, the three-dimensional pattern of diffusion anisotropy is used to calculate a diffusion tensor model, which describes the direction (eigenvector) and length (eigenvalue) of diffusion along the three directional axes. During tract reconstruction, a single streamline is propagated from voxel to voxel along the line of the principal eigenvector of the diffusion tensor. There is a degree of error inherent in any estimation of the diffusion tensor within a given voxel, producing a level of uncertainty in the prediction of fiber orientation. Deterministic algorithms traditionally do not account for such errors and are unable to provide a measure of the uncertainty of the reconstructed pathways (Jones, 2008a (Jones, , 2010 . In addition, in regions of complex fiber architecture (as in the case of voxels containing more than one fiber orientation, such as crossing or kissing fibers, or the branching of fiber pathways), the tensor model is inadequate as there is only one estimate of fiber orientation and reconstructed trajectory per voxel.
Probabilistic tractography is able to overcome these limitations by taking into account the local uncertainty in fiber orientation and repeating the streamline propagation process multiple times (Behrens et al., 2003b; . Instead of a simple diffusion tensor, probabilistic algorithms repeatedly sample probability distribution functions (PDFs, generated based on uncertainty in eigenvector orientation) that describe the uncertainty of local fiber orientation distributions (e.g., see Tournier et al., 2008) . During tract reconstruction, streamlines are propagated by randomly sampling from the distribution of fiber orientation estimates within each voxel and advancing the streamline in the direction of the interpolated modified principal eigenvector sampled. The streamline tracking process is repeated multiple times (usually in the order of '000s), with different samples drawn from the PDFs, generating a distribution of possible pathways. The number of times each voxel is reached by the advancing streamline is recorded, allowing for an estimation of connection probability from the seed region to any given voxel in the brain and a measure of the confidence which can be assigned to an identified route.
Since its initial development, a multitude of studies have been conducted aimed at furthering the diffusion tractography technique. These studies have focused on methodological refinements associated with the diffusion MRI sequence, the modeling of complex tissue fiber orientations, and the way in which the uncertainty in fiber orientation is derived and sampled (e.g., Assaf and Basser, 2005; Jones and Pierpaoli, 2005; Lazar and Alexander, 2005; Chung et al., 2006; Behrens et al., 2007; Dargi et al., 2007; Jian and Vemuri, 2007; Berman et al., 2008; Jones, 2008b; Wedeen et al., 2008; Haroon et al., 2009) . Indeed, there is increasing evidence regarding the anatomical validity and reproducibility of the white matter pathways identified via the tractographic method and a number of pathways have been mapped which correlate strongly with those identified via tract tracing or post-mortem dissection techniques (Parker et al., 2002; Dyrby et al., 2007; Lawes et al., 2008) . However, while substantial advancements continue to be made, important limitations still remain (for reviews, see Jones, 2008a; Mukherjee et al., 2008a,b; Johansen-Berg and Rushworth, 2009; Jones, 2010; Jbabdi and Johansen-Berg, 2011) . The tractographic technique is currently incapable of identifying pathways at the axonal level due to limitations in the spatial resolution of the image acquisition (generally around 2 mm), and as such, can only be used to differentiate relatively large fiber bundles. The technique is also incapable of mapping extremely short-range intra-regional (horizontal) connections (although it should be noted that tract tracing methodologies also suffer from this limitation to some extent, due to the bleeding of the tracer at the injection site). In addition, tractography is indiscriminant as to the direction of connectivity and is incapable of differentiating between afferent or efferent pathways.
In tractography, the presence, absence and direction of neural fiber pathways is not visualized directly but must be indirectly inferred through water diffusion and computational analyses, and there are multiple sources of error which may affect the validity of the fiber pathways identified. Sources of error may arise during the acquisition of the diffusion MRI data due to noise, distortion artifacts and participant movement. In addition, modeling errors during tract reconstruction may also occur, resulting from factors such as partial volume effects and regions of complex fiber orientation, the branching of fiber pathways and the length and shape of the paths tracked. As such, there is a level of uncertainty in all tractographic data, with a degree of both false positives (Type I errors) and false negatives (Type II errors) inherent in any set of results. It has been argued, however, that the connectivitybased parcellation technique demonstrates a degree of robustness to tract modeling errors. Researchers have suggested that the connectivity patterns which serve as the input for cortical parcellation do not need to be a reflection of the complete underlying structural connectivity of the regions under examination, instead, what is of crucial importance is their sensitivity to any connectivity differences between regions Knosche and Tittgemeyer, 2011) .
CONNECTIVITY-BASED PARCELLATION METHODS
Cortical parcellation via white matter connectivity is based on the premise that, as connectional anatomy determines functional organization, regions with differing functional roles should demonstrate dissociable patterns of connectivity. As such, it should be possible to segregate functionally-distinct cortical regions based on their unique complement of corticocortical connections, parcellating the cortex by identifying boundaries where neural connectivity patterns change Behrens and Johansen-Berg, 2005; Anwander et al., 2007; Knosche and Tittgemeyer, 2011) . Several different tractographic parcellation approaches have been developed but all share the same core processing stages. Connectivity profiles are first established for each subunit within the cortical region to be parcellated. These connectivity profiles (sometimes referred to as "connectional fingerprints") are subsequently compared via various measures of similarity, and clustered into regions such that within-cluster subunits share highly similar patterns of connections, whilst between-cluster connectivity profiles are markedly distinct.
Connectivity profile determination
The first step in tractographic parcellation is the determination of a connectivity profile for each subunit within the region under examination. To establish a connectivity profile, tractography is initiated from each subunit "seed" within the cortical area being parcellated and the target brain regions connected to each seed are identified. Studies have varied in relation to the nature and number of the target brain regions used to establish these connectivity profiles. The two main approaches vary in relation to whether the profiles encompass information regarding connectivity from the seed to the whole brain Anwander et al., 2007; Tomassini et al., 2007; Mars et al., 2011 Mars et al., , 2012 or a subset of key predetermined neuroanatomical regions (Behrens et al., 2003a; Johansen-Berg et al., 2005; Leh et al., 2007; Beckmann et al., 2009; Broser et al., 2011) . The latter method benefits from its ability to infer functional roles to the delineated subregions and assess explicit structure-function hypotheses but may fail to discriminate more fine-grained functional subdivisions that may exist within the regions identified. In contrast, techniques which utilize whole-brain connectivity patterns have the potential to discern all anatomical/functional subdivisions within a cortical region and do not require any a priori hypotheses regarding the region's anatomical or functional organization.
Studies which have examined whole-brain connectivity profiles have traditionally defined the cortical targets as individual voxels (usually in the order of 2-5 mm 3 in size; see e.g., JohansenBerg et al., 2004; Klein et al., 2007) , resulting in a substantial number of target regions contributing to the connectivity profile analyses. In contrast, studies which have utilized a set number of predefined regions have used larger but substantially fewer cortical targets (with as few as two target regions in some studies, e.g., Leh et al., 2007) . The effect of varying the size/number of target regions on the resultant parcellations is currently unclear. In a study assessing the reproducibility of tractographic-based thalamic segmentations, Traynor et al. (2010) examined the impact of target region number on the parcellation outcomes, comparing connectivity profiles in which the cortical surface was divided into either 6 or 31 cortical targets. When only six large cortical targets were used, thalamic parcellations were produced which were comparable to those obtained by studies which utilized voxel-sized targets (e.g., Jbabdi et al., 2009) . A similar parcellation was also obtained when the number of target regions was increased to 31, although some further subdivisions were observed. Importantly, when reproducibility of the tractographic segmentations were examined by analyzing 16 datasets from the same subject, the parcellations based on six target regions were found to be more consistent that those obtained using a larger number of target regions. This finding led Traynor et al. to conclude that when conducting parcellation studies involving multiple subject comparisons, a lower number of target regions may help to reduce inter-subject variability. The high inter-subject variability and lack of correspondence between functional subregions across individuals, has been viewed as a major limitation of the voxel-wise parcellation approach, resulting in a reduced interpretability of the results and an increased difficulty in determining the validity of the parcellations obtained (Jbabdi et al., 2009 ). This reduced reproducibility across individuals also has important implications in the use of tractographic parcellations in the assessment of potential neuroanatomical changes in different disease states. As such, while voxel-wise parcellation methods benefit from the ability to identify subtle differences between connection pathways, termination points between regions, and to produce more fine-grained subdivisions (which may potentially be a truer reflection of the brain's underlying anatomical and functional architecture), this may be at the cost of decreased reproducibility. As such, when determining the nature of the cortical target regions used during connectivity profile analyses, it is important to consider the purpose and goal of the parcellation conducted.
Clustering and determination of parcellation solutions
Once the connectivity profiles are established for each subunit within the area to be parcellated, similarity metrics are calculated and used to cluster the subunits so that neighboring regions with similar connectivity patterns are combined. To date, tractographic parcellation studies have utilized two main clustering methods, namely, spectral reordering (e.g., Johansen-Berg et al., 2004; Devlin et al., 2006; Solano-Castiella et al., 2010) , and k-means cluster analysis (e.g., Anwander et al., 2007; Klein et al., 2007; Tomassini et al., 2007; Nanetti et al., 2009; Gorbach et al., 2011; Mars et al., 2012) .
One of the first studies to utilize white matter tractography for connectivity-based in vivo parcellation was conducted by Johansen-Berg et al. (2004) , who used spectral reordering to parcellate the human medial frontal cortex into supplementary and pre-supplementary motor area (SMA/pre-SMA) subdivisions. In the spectral reordering technique, connectivity profiles are transformed into a symmetric cross-correlation matrix, which represents correlations in connectivity patterns between each subunit in the cortical region being parcellated. A spectral reordering algorithm (Barnard et al., 1995) is then applied, which imposes a structural organization to the cross-correlation matrix such that larger values (i.e., high correlations) are forced towards the diagonal. Consequently, subunits with similar connectivity are positioned together within the matrix, forming visually distinguishable clusters. In the final stage of parcellation, the clusters are segregated by visual inspection into connectionally-distinct cortical subregions. A major advantage of the spectral reordering technique is that it does not require any a priori assumptions regarding the number of clusters present within the region being parcellated (as with k-means, see below). As such, it is very useful for exploratory analyses when the underlying anatomical structure of the region being parcellated is largely unknown. However, cluster member allocation and final parcellation is performed manually by visual analysis and is not based on any statistical criterion, introducing a lack of objectivity in the determination of break point locations within the reordered matrices. The impact of this on inter-rater reliability and inter-subject variability has yet to be empirically assessed. In addition, the clusters within the cross-correlation matrix may not always show clear divisions and, as such, the visual segregation may not always be a clear and straightforward process.
An alternative approach which does enable the objective identification of connectivity-based structural boundaries is k-means cluster analysis (Anwander et al., 2007; Klein et al., 2007) . K-means clustering is an iterative algorithm which divides the (voxel) subunits within the area being parcellated into k non-overlapping clusters. Within k-means, each subunit is characterized as a point whose coordinates represent the correlation of its connectivity profile with those of every other subunit. Parcellation begins with the random assignment of k initial cluster centers (centroids), which may be performed by the selection of random subunits from within the initial dataset (Hartigan and Wong, 1979) or by splitting the data into subsets of relatively equal size and determining their respective baricenters (Lloyd, 1982) . Each subunit within the region is then assigned to the nearest centroid, with grouping performed by minimizing the sum of squares of distances between each subunit and the corresponding cluster centroid. The centroids of the newly formed clusters are recalculated and the subunits are subsequently grouped again to the closest cluster centroid, with this process repeated until centroid positions change less that a predetermined threshold. Although more objective than cluster determination by visual inspection, there are two important disadvantages to the k-means parcellation approach. Firstly, the algorithm requires the a priori specification of the number of clusters to be parcellated. This selection is often based on prior anatomical knowledge or the cluster number which yields the most topologically consistent results across subjects (e.g., Beckmann et al., 2009; Mars et al., 2011 Mars et al., , 2012 . Secondly, the algorithm is sensitive to the assignment of initial cluster centers and the repeated application of k-means clustering to the same dataset can lead to variable parcellation solutions (Nanetti et al., 2009 ). This was explored directly by Nanetti et al. (2009) , who observed that the repeated use of k-means clustering produced different cortical parcellations depending on the initial placement of the start point, and found that to estimate the distribution of possible solutions accurately, approximately 250 k-means repetitions were required.
One final clustering technique, which provides both objective cluster assignment and does not require any a priori assumptions regarding the number of clusters, is hierarchical cluster analysis (Johnson, 1967) . Within this approach, each subunit is initially assigned to a cluster such that each individual subunit constitutes a single cluster. A hierarchy is then created by progressively merging the most similar clusters (i.e., those with the most similar connectivity profiles), producing successively fewer but larger clusters until all subunits are grouped into a single cluster. This hierarchy has been argued to represent the organizational structure from the level of individual units to the cortical surface comprising the region being parcellated (Eickhoff et al., 2011) . A major advantage of the hierarchical approach is that it allows parcellation at various levels of the hierarchy, producing k clusters by cutting the k-1 longest linkages. Conversely, there may be no clear delineation of the number of segregated regions within the cortical area being parcellated and the final parcellation solution may be somewhat arbitrarily selected. To date, the hierarchical approach has not been commonly implemented in tractographic parcellations, however, it has been used to cluster connectivity profiles within the primate brain identified via tracer data (Kotter et al., 2001a; Passingham et al., 2002) . The technique has also been used to delineate structural/functional borders within the human brain via meta-analytic parcellation methods, for which it has been found to produce parcellation solutions comparable to those obtained using spectral reordering methods (Eickhoff et al., 2011 ).
The discussion above has presented just a few of the different methods which may be utilized to delineate structural boundaries within the cortex based on patterns of corticocortical connectivity. A number of alternative methodological approaches have recently been developed including Dirichlet process mixture models (Jbabdi et al., 2009) , fuzzy k-means clustering (Mars et al., 2012) , hierarchical information-based clustering (Gorbach et al., 2011) , independent component analysis (O'Muircheartaigh et al., 2011), force-direct graph layout (Crippa et al., 2011) , and spatially-informed dimension reduction (Roca et al., 2009) . Although varying in the specific statistical algorithms used to determine cluster formation, all attempt to form coherent cortical subregions by minimizing the variability in connectivity patterns within clusters while maximizing connective variability between them. Given its potential utility in the study of the structural and functional organization of the brain in vivo, a substantial amount of research has recently been conducted to explore the efficacy and validity of the tractographic parcellation approach. This research will be explored in the following section.
VALIDATION OF TRACTOGRAPHIC CONNECTIVITY-BASED PARCELLATIONS
White matter connectivity profiles derived from tractography have been used to parcellate a rapidly increasing number of cortical structures including the medial frontal cortex (SMA/pre-SMA; Johansen-Berg et al., 2004; Lehericy et al., 2004; Klein et al., 2007; Jbabdi et al., 2009; Nanetti et al., 2009; Crippa et al., 2011) , inferior frontal cortex (Anwander et al., 2007; Klein et al., 2007; Gorbach et al., 2011) , precentral gyrus (Tomassini et al., 2007; Schubotz et al., 2010; Gorbach et al., 2011) , postcentral gyrus (Roca et al., 2010) , inferior parietal cortex (Mars et al., 2011 (Mars et al., , 2012 , temporoparietal junction (Mars et al., 2012) , insula (Nanetti et al., 2009; Jakab et al., 2012) , and cingulate cortex (Beckmann et al., 2009) , as well as a number of subcortical structures including the thalamus Devlin et al., 2006; Traynor et al., 2010; Broser et al., 2011; O'Muircheartaigh et al., 2011; Elias et al., 2012) , subthalamic nucleus (Lambert et al., 2012) , basal ganglia (Lehericy et al., 2004; Leh et al., 2007; Draganski et al., 2008) , amygdala (SolanoCastiella et al., 2010; Bach et al., 2011) and the substantia nigra (Menke et al., 2010) . These studies provide increasing evidence that white matter tractography is indeed capable of identifying distinct connectivity profiles between cortical regions, and that these differences may be used to differentiate structurally (and by inference, functionally) distinct subregions. Nevertheless, the parcellation schemes derived are the product of an indirect measure of the underlying neural structure which is not visualized directly, as with more traditional microstructural methods. As such, it of great importance to substantiate the identified parcellations in relation to their consistency and variability, and determine the degree to which these connective boundaries correspond to the functional borders they are hypothesized to reflect, as well as their relationship with more traditionally established (micro)structural architectures.
Tractographic parcellations of the medial frontal cortex have consistently identified two principal subregions, a posterior subdivision which corresponds well to the SMA and an anterior subdivision which corresponds to the pre-SMA (e.g., JohansenBerg et al., 2004) . In order to assess the within-and betweensubject consistency of parcellation solutions produced using the k-means approach, Nanetti et al. (2009) repeated the tractographic parcellation of the SMA/pre-SMA 1000 times. The number of clusters for all iterations was predefined as k = 2. A substantial degree of variability was observed in the location of regional borders both within and across individuals, with only one out of the ten participants demonstrating identical solutions for all 1000 parcellations. For the remaining nine participants, any single solution accounted for at best 75% of all possible solutions, with as many as six different solutions found for a given individual. It appears that for k-means at least, a degree of variability is inherent in the approach and so a firm conclusion regarding the precise location of inter-regional borders cannot be inferred by a single parcellation. Instead, as noted above, multiple repetitions may be required to establish a probability distribution of solutions from which the most likely boundary locations may be established.
For one participant in the Nanetti et al. (2009) study, a parcellation solution was observed which was anatomically improbably, with one cluster constituting non-contiguous anterior-most and posterior-most cortical areas, and the second cluster taking a position between these two regions. It was suggested that for a number of individuals, the medial frontal area may actually constitute three rather than two distinct regions. Indeed, for one participant who demonstrated four variable solutions at k = 2, when the number of clusters was increased to k = 3, only a single solution was observed. The existence of a third region between the two principal SMA/pre-SMA areas has also been identified for a subset of participants in other tractographic parcellation studies Crippa et al., 2011) . The consistent observation of three subregions across participants and studies suggests that this parcellation scheme may have anatomical reality. It has been suggested that the region may reflect a "transitional" zone of hybrid connectivity between the two areas (Crippa et al., 2011) . This finding raises two important issues in relation to connectivity-based parcellations particularly, as well as cortical parcellation more generally. Firstly, it reiterates the difficulty in the a priori specification of cluster numbers, either by prior anatomical knowledge or inter-subject consistency, highlighting the importance of techniques which do not require such assumptions (such as spectral reordering or Dirichlet process mixture models; Johansen-Berg et al., 2004; Jbabdi et al., 2009) . Secondly, the majority of parcellation techniques force a solution that is unique, complete, and which delineates hard borders between regions (Gorbach et al., 2011; Knosche and Tittgemeyer, 2011) . However, there is strong evidence to suggest that this may not reflect anatomical reality. For example, anatomical studies of the insula have observed an anteroventral-posterodorsal gradient across both the region's underlying cytoarchitecture (Mesulam and Mufson, 1982) and neural connectivity (Cerliani et al., 2012; Cloutman et al., 2012) with the presence of an intermediary transition zone between its ventral-anterior agranular and dorsal-posterior granular regional extremities. Such transition areas may contribute to the variability in border location and number of subregions observed across individuals. As a consequence, researchers have begun to develop tractographic parcellation techniques which enable soft partitioning (Gorbach et al., 2011) . Despite these issues, there is increasing evidence to indicate that the tractographic parcellation technique can indeed identify structural subregions and border locations which correspond strongly with a region's proposed functional organization. In an attempt to assess the functional validity of the tractographically-defined SMA/pre-SMA boundaries identified, Johansen-Berg et al. (2004) conducted an fMRI study in which participants were required to perform either blocks of finger tapping (preferentially activating the SMA; Rao et al., 1993; Eickhoff et al., 2011 ) or a serial subtraction task (preferentially activating the pre-SMA; Johansen-Berg and Matthews, 2002; Arthurs et al., 2004) . A strong anatomical correspondence between the tractographic subregions and observed fMRI activations was found, with the connectively-defined SMA/pre-SMA cluster centers colocalizing closely with those of the corresponding SMA/pre-SMA functional activation clusters (within 2-3 mm; see also Klein et al., 2007) . Further support for this structure-function relationship comes from a recent functional parcellation study which used meta-analytic connectivity mapping (which defines subregions on the basis of patterns of functional co-activation), to segregate the medial frontal cortex into SMA/pre-SMA regions which aligned closely with those previously defined tractographically (Eickhoff et al., 2011) . A similar correspondence between tractographic subregions and functional activations have also been observed for other regions of the brain, such as the precentral gyrus, for which anatomical parcellations have been found to predict the distribution of functional activations (Tomassini et al., 2007; Schubotz et al., 2010) . Indeed, the relationship between tractographic and function subdivisions has been found even within regions demonstrating a high degree of anatomical and functional complexity. For example, Beckmann et al. (2009) identified nine tractographic subregions within the cingulate cortex which were consistently related to regions of functional specialization as revealed by meta-analysis.
An important advantage of the tractographic parcellation approach is that it not only provides information regarding the location and boundaries of subregions within a given area, but also enables functional roles to be ascribed to the identified subregions based on their patterns of corticocortical connections. The examination of cortical targets provides additional convergent evidence regarding the functional validity of the tractographic subregions identified. For example, tractographic parcellation of the cingulate cortex revealed a subregion within the anterior cingulate gyrus dorsal to the corpus callosum (cluster 7, Beckmann et al., 2009) . A meta-analysis revealed this region to be associated with emotion and social behavior, which was consistent with its observed connectivity with the hypothalamus, amygdala, ventral striatum, and orbitofrontal cortex. Furthermore, investigation of the corticocortical connectivity of the subregions delineated also enables functional roles to be (tentatively) inferred in regions where function remains poorly understood (see the discussion of the tractographic parcellation of the inferior parietal cortex below).
TRACTOGRAPHIC VERSUS CYTOARCHITECTONIC CORTICAL PARCELLATIONS
Both cellular microstructure and neural connectivity are heavily implicated in determining the functional specialization of a region. Indeed, cytoarchitecture has dominated parcellation schemes of the cerebral cortex becoming the "gold standard" for the delineation and segregation of anatomical subregions (see Amunts et al., 2007 , for a review). A key advantage of cytoarchitectonic parcellations is that structural boundaries are visualized directly and are not based on an indirect delineation of the underlying neural structure. Classic cytoarchitectonic approaches, such as that utilized by Brodmann (1909) , are well known to have suffered from inaccuracies due to a lack of observer independency, reproducibility and objectivity in the segregation of regions (see Amunts, 2010, and Geyer et al., 2011 , for a review). Modern cytoarchitectonic techniques have made it possible not only to parcellate with much greater spatial resolution but also to compare the results across specimens, thereby generating probabilistic cytoarchitectonic maps Eickhoff et al., 2005a; Amunts et al., 2007) . Using the volume density of cell bodies (gray level index, GLI) to define boundaries and multivariate analyses to identify changes in lamination patterns, automated observer-independent cytoarchitectonic parcellations have been undertaken on many areas of the brain (e.g., Amunts et al., 1999 Amunts et al., , 2000 Geyer et al., 1999 Geyer et al., , 2000 Morosan et al., 2001; Caspers et al., 2006 Caspers et al., , 2008 . Consequently, to assess the accuracy and validity of tractographic parcellations, studies have sought to compare the results from connectivity-based parcellations with those identified cytoarchitectonically.
A substantial proportion of tractographic parcellation studies have attempted to provide anatomical validation of the derived parcellation schemes by comparison with the expected regional distribution and areal volume as predicted by modern probabilistic cytoarchitectonic maps (e.g., Johansen-Berg et al., 2005; Devlin et al., 2006; Anwander et al., 2007; Klein et al., 2007; Broser et al., 2011; Gorbach et al., 2011; Mars et al., 2011 Mars et al., , 2012 Jakab et al., 2012) . These studies have, in general, found a relatively strong correspondence between the parcellation solutions produced by the two methodologies. For example, in their tractographic parcellation of the inferior frontal cortex (Broca's area, BAs 44/45), Klein et al. (2007) observed that both the k-means clustering and spectral reordering tractographic approaches were able to recover 90-95% of the "gold-standard" (cytoarchitectonic) segmentation. Similar correspondence was also observed by Anwander et al. (2007) , who found a strong coincidence between the center of gravity coordinates for the tractographic and cytoarchitectonic BA 44/45 clusters, although the connectively-defined regions were found to have a reduced z extent. However, while the two tractographic regions demonstrated strong regional overlap with the cytoarchitectural regions, being completely included within the areal boundaries of the respective probabilistic maps, they were observed to be volumetrically smaller than their architectonic counterparts.
The strong correspondence observed between cortical subregions defined connectively and those defined cytoarchitectonically has been used to provide external validation of the tractographic parcellation approach. The focus on the use of cytoarchitecture as the gold standard has been based on the underlying assumption that a strong degree of correspondence exists between the two neuroanatomical features and, consequently, the anatomical segmentations they produce. Primate studies have observed that functionally and cytoarchitectonically distinct brain regions appear to be associated with distinct corticocortical connection patterns, suggesting a strong relationship between brain connectivity and cellular microstructure (Jones and Burton, 1976; Cavada and Goldman-Rakic, 1989; Kotter et al., 2001a; Passingham et al., 2002; Blatt et al., 2003; Rozzi et al., 2006; Petrides and Pandya, 2009; Gerbella et al., 2010) . Indeed, some researchers have gone as far as to propose that corticocortical connectivity patterns may be used as an indirect in vivo surrogate marker of cytoarchitectural divisions and boundaries (e.g., Klein et al., 2007) . Although cytoarchitectonicand connectivity-based parcellations have been found to demonstrate strong congruence for a number of the cortical areas examined to date, this is not always the case. For example, a recent tractographic parcellation study of the insula revealed that changes in connectivity profiles across the area did not respect either the underlying cytoarchitecture or gyral anatomy (Jakab et al., 2012) . Differences in cytoarchitectural-connectional correspondence were also observed in a recent study by Mars et al. (2011 Mars et al. ( , 2012 , which tractographically parcellated the right inferior parietal cortex into five connectionally-distinct subregions. While these tractographic subregions appeared to bear a strong correspondence to those recently delineated via cytoarchitecture, notable differences were observed. Specifically, while the cytoarchitectonic parcellation delineated seven distinct subregions (see Caspers et al., 2006 Caspers et al., , 2008 , only five tractographic subregions were identified, with the right supramarginal gyrus partitioned into only three (as opposed to five) connectivitybased subdivisions. Within this tractographic parcellation, not all cytoarchitectonic regions demonstrated unique neural connectivity, and several cytoarchitectonic areas were clustered together to form larger functional subdivisions based on similarities in their connectivity profiles and associated fiber tracts. This is consistent with evidence from tract tracing studies in primates, and Passingham et al. (2002) noted that while no two cytoarchitectonic regions exhibited identical patterns of neural connectivity, it was possible to detect clusters of cytoarchitectonic regions with highly similar connectivity profiles, which these researchers referred to as "connectional families." It seem likely that the different cytoarchitectonic regions comprising these connectional families are components of similar functional brain networks, playing-related and/or shared roles in an overlapping set of cognitive functions. As such, the relationship between cytoarchitectonic and tractographic parcellations may not necessarily be one-to-one, and connectivity profiles may not always directly overlap and delineate all cytoarchitectonic regions. Furthermore, there is evidence from primate tracer studies to indicate that the converse may also be true, and patterns of neural connectivity may be used to parcellate architectonically homogenous subregions into more fine-grained subdivisions (Felleman and Van Essen, 1991; Hilgetag and Grant, 2000) .
From the above discussion it is apparent that the relationship between cytoarchitecture and connective architecture is complex, and the degree of correspondence and relative functional importance of cytoarchitectonic versus tractographic cortical parcellations still remains unclear. Cytoarchitecture and connectivity are complementary neural architectures which both contribute strongly to the functioning of a given brain region, and the focus on one without reference to the other is likely to leave our understanding of the structural-functional organization of the brain incomplete. As such, a key focus for future research is in the integration of information provided by the two methodologies, and the multimodal characterization of cortical areas.
ALTERNATIVE PARCELLATION METHODOLOGIES
While, the current review has focused on the use of neural connectivity (as identified via diffusion tractography), and cytoarchitecture in the delineation of structural and functional subdivisions within the brain, a number of alternative techniques exist. Indeed, cellular lamination patterns and white matter connectivity profiles are but two of the brain's architectural elements which may be used to demarcate regions of specialization. Myelination patterns, neurotransmitter receptor distributions, and (immuno)histochemical properties may all provide additional important information regarding brain organization and function, and have been utilized to provide myelo-, recepto-, and chemoarchitectonic cortical parcellations (e.g., Gerbella et al., 2007; Belmalih et al., 2009; Gallay et al., 2012 ; for reviews see Zilles et al., 2002b; Geyer et al., 2011) . Furthermore, researchers have suggested that in addition to structural connectivity, regions of functional coherence may also be identified via their functional connectivity (e.g., Cohen et al., 2008; Kim et al., 2010; Mars et al., 2011 Mars et al., , 2012 . These alternative techniques will briefly be discussed.
ALTERNATIVE NEUROARCHITECTURAL PARCELLATION TECHNIQUES
The anatomical microstructure of the brain is highly complex, and can be viewed at multiple, increasingly fine-grained architectural scales. At the larger scales are cell types and their patterns of distribution across laminae (cytoarchitecture), as well as the degree and disposition of intracortical axonal myelination (myeloarchitecture). While the majority of myelin resides within the axonal fiber bundles composing the brain's white matter, a substantial amount can be found within the cortical grey matter, associated with the small local fiber bundles which run parallel and perpendicular to the cortical sheet (Annese et al., 2004; Bock et al., 2011) . Importantly, the density and arrangement of these intracortical myelinated fibers have been found to show striking variation across the cortical mantle, and histological myelin staining has been able to reveal clear myeloarchitectonic differences between regions of the cortex (Zilles and Palomero-Gallagher, 2001; Geyer et al., 2011) . At a more fine-grained scale, differences can also be observed at the synaptic level in relation to the type and distribution of neurotransmitter receptor binding sites (receptoarchitecture). In vitro autoradiography techniques have revealed that the balance of different receptor (sub)types can vary both in relation to their relative concentrations between different cortical regions, as well as their distribution across different cortical layers within a given region (Zilles et al., 2004; Scheperjans et al., 2005b; Eickhoff et al., 2007) . As with cytoarchitecture, intracortical myelination and neurotransmitter specificity are heavily implicated in the functioning of a given neuronal population. For example, glutamate is one of the brain's predominant excitatory neurotransmitters, while in contrast, GABA has an inhibitory function, inhibiting action potential firing (Purves et al., 2004; Jacobson and Marcus, 2008) . As such, differences in myelo-and recepto-architecture between cortical regions have been postulated to mirror functional differences between areas (Scheperjans et al., 2005b; Eickhoff et al., 2007) . Although much less prevalent that cytoarchitectural parcellations, numerous studies have attempted to segregate the cortex into regions of functional sub-specialization via myelo-and receptor-architectonics, successfully parcellating areas within the parietal cortex (Scheperjans et al., 2005a , temporal cortex (Rivier and Clarke, 1997; Wallace et al., 2002; Padberg et al., 2003; Morosan et al., 2005; Ding et al., 2009), prefrontal cortex (Carmichael and Price, 1994; Ongur et al., 2003; Gerbella et al., 2007; Belmalih et al., 2009; Cruz-Rizzolo et al., 2011) , visual cortex (Zilles et al., 2004) , motor and somatosensory cortices (Zilles et al., 1995; Geyer et al., 1997) , insula (Rivier and Clarke, 1997; Gallay et al., 2012) , and subcortical structures including the amygdala (Sims and Williams, 1990) . These studies have consistently observed a strong correspondence between the cyto-, myelo-, and receptoarchitectonically defined areal borders, providing strong indication that these anatomical properties are indeed identifying structurally and functionally coherent subdivisions of the brain (Sims and Williams, 1990; Zilles et al., 1995 Zilles et al., , 2002a . For example, Geyer et al. (1997) observed that changes in regional and laminar neurotransmitter receptor distribution patterns within the human primary somatosensory cortex were able to define borders between areas 4 and 3a, areas 3b and 1, and areas 1 and 2, and noted that the location of these areal boundaries mapped precisely onto those defined via cytoarchitecture. In addition, correlations with connectivity-based parcellations have also been observed. For example, Kotter et al. (2001b) directly compared receptoarchitectonic parcellations to those delineated via connectivity (identified via tract tracing techniques) in the macaque motor and visual cortices. While some partial discrepancies were observed, notably within the visual cortex, a strong correspondence was found between the two parcellation methodologies. However, while a strong association between myeloand cyto-architectural regional divisions has consistently been observed, suggesting that myeloarchitecture may be able to define cytoarchitectonic boundaries, receptoarchitectonic parcellations have differentiated additional regional subdivisions not identified via the other methodologies (Geyer et al., 1997; Zilles et al., 2004) . Thus, receptoarchitecture appears to be a powerful methodology for delineating increasingly fine-grained maps of functional specialization within the cortex.
However, receptoarchitecture is only observable post-mortem, limiting its utility in the exploration of functional specialization within the human brain. In contrast, recent studies have demonstrated that it is possible to delineate the brain's myeloarchitecture in vivo using high field (i.e., 7T) MRI (Walters et al., 2003; Bridge et al., 2005; Eickhoff et al., 2005b; Bock et al., 2011; Glasser and Van Essen, 2011; Cohen-Adad et al., 2012) . Sharp transitions in myelin content across the cortical surface, representative of regional borders, have been identified via MRI in a number of regions including the primary motor (BA 4), somatosensory (BA 3), and visual cortices (BA 17), as well as the auditory association cortex (BA 42), and Broca's area (BA 44/45; Bridge et al., 2005; Cohen-Adad et al., 2012) . These MRI-based cortical myelination patterns have been found to correspond closely to the myelin distributions identified histologically within the same brains (Osechinskiy and Kruggel, 2009 ). In addition, the myeloarchitectonic maps delineated have been found to demonstrate substantial overlap with those defined via probabilistic cytoarchitecture (Glasser and Van Essen, 2011) . Importantly, there is also evidence that these MRI-based myeloarchitectonic subdivisions correspond to functional subdivisions as identified by fMRI. Bridge et al. (2005) compared structurally-and functionallydefined borders within the human visual cortex, and found that the delineation of the V1/V2 functional boundary identified via fMRI showed a close correspondence to the myeloarchitectonic anatomical boundary identified via a T1-weighted MRI scan.
The visualization and delineation of myeloarchitecture via high-resolution MRI is only beginning to be explored, and a substantial amount of research is required before it can become a reliable method for the identification of structural and functional subdivisions within the brain. Still, it shows great potential as a powerful tool for cortical parcellation, and in combination with fMRI and diffusion tractography, may enable the exploration of the relationship between local microstructure, long-range connective architecture, and cognitive functioning in vivo.
FUNCTIONAL CONNECTIVITY PARCELLATION TECHNIQUES
Structural white matter connections are but one form of longrange "connectivity" which may be delineated within the brain in vivo, and researchers have begun to identify regions of functional specialization within the cortex via patterns of functional connectivity (e.g., Cohen et al., 2008; Karkar et al., 2009; Kim et al., 2010; Zhang et al., 2010; Craddock et al., 2012; Yeo et al., 2011) . Spontaneous low frequency fluctuations are evident within the fMRI signal when the brain is at "rest" (i.e., non-task dependent). Importantly, these intrinsic activity fluctuations are not random and show temporal correlations between functionally connected regions, that is, functional connectivity (for reviews see Fingelkurts et al., 2005; Buckner and Vincent, 2007; Fox and Raichle, 2007; Buckner, 2010; Cole et al., 2010; Margulies et al., 2010; van den Heuvel and Hulshoff Pol, 2010; Deco and Corbetta, 2011; Raichle, 2011; Kelly et al., 2012a) . It has been postulated that these patterns of intrinsic functional connectivity are a consequence of the repeated evoked coactivation of regions during the execution of functional tasks, and reveal a structured spatiotemporal organization which reflects the underlying functional organization of the brain (Deco and Corbetta, 2011; Kelly et al., 2012b) .
By identifying brain regions whose intrinsic activation fluctuations demonstrate strong correlations within the resting-state fMRI time-series, it is possible to delineate widely distributed, functionally coherent brain networks (Friston et al., 1993; Biswal et al., 1995; McKeown et al., 1998; Beckmann et al., 2005; Fox et al., 2005) . Importantly, these functional connectivity patterns have been found to reveal sharp transitions in correlation patterns between neighboring regions, demarcating regional boundaries (Cohen et al., 2008; Yeo et al., 2011) . Thus, the functional connectivity profiles of areas within a given brain region can be delineated and used to segregate the cortex into functionally specialized subdivisions using similar methods to those used for tractographic structural connectivity parcellations (e.g., k-means clustering). Using such methods, studies have successfully parcellated an increasing number of brain regions via their patterns of functional connectivity, including the frontal Kim et al., 2010; Kahnt et al., 2012) , parietal Nelson et al., 2010; Barnes et al., 2011) , temporal (Mars et al., 2012) , and cingulate cortices (Margulies et al., 2007; Yu et al., 2011) , as well as the insula (Cauda et al., 2011; Chang et al., 2012; Kelly et al., 2012b) , cerebellum , and subcortical structures including the thalamus (Zhang et al., 2008 , striatum (Di Martino et al., 2008) , and amygdala ).
However, a parcellation scheme is only as accurate as the connectivity profiles upon which it is based, and there are a number of important caveats regarding the use of resting-state functional connectivity in the delineation of cortical subregions. Firstly, the underlying neuroanatomical basis driving intrinsic fluctuations in brain activity remain poorly understood, and there is some evidence to suggest that at least some may have a non-neuronal origin (Wise et al., 2004; Birn et al., 2006 Birn et al., , 2008a Chang et al., 2009; Van Buuren et al., 2009 ). Importantly, it has been observed that physiological processes unrelated to neuronal function, such as respiratory and cardiac cycles, may introduce artificial correlations in the fMRI signal fluctuations between distributed brain regions. For example, Wise et al. (2004) demonstrated that regions within the occipital, parietal, and temporal lobes exhibited oscillations within the fMRI time-series which covaried significantly with fluctuations in levels of arterial carbon dioxide. A number of strategies have been developed to address the issue of these non-neuronal contributions, such as utilizing fast sampling rates (Chuang and Chen, 2001) , and post-processing data analysis methods including independent component analysis (Kiviniemi et al., 2003; Beckmann et al., 2005) , and global signal regression (Zarahn et al., 1997; Macey et al., 2004) . However, the optimal strategy to deal with this physiological noise has yet to be identified, and it has been noted that the analytic approach used can have a significant impact on the spatial characteristics of the functional connectivity networks delineated (Murphy et al., 2009; Cole et al., 2010) . A second important issue in relation to the validity of functional connectivity-based cortical parcellations is in relation to the reliability of the resting-state functional connectivity networks delineated. A strong consistency has been found between the functional connectivity networks identified across individuals and datasets, and a moderate to high test-retest reliability has been observed (Buckner et al., 2009; Shehzad et al., 2009; Biswal et al., 2010; Van Dijk et al., 2010; Zuo et al., 2010a,b) . However, some questions have been raised. For example, Honey et al. (2009) examined the correlation strengths between region pairs across multiple data sets collected on the same individuals, and observed only low to moderate within-subject reliability (r = 0.38-0.69). In addition, studies have identified that some network connections demonstrate greater reproducibility than others, with connectivity between regions composing the "default network" produced more reliably than those associated with the "task positive" network Meindl et al., 2010) .
While a number of studies have begun to utilize connectivity information from both diffusion tractography and resting-state functional connectivity, few have attempted to directly compare the cortical parcellation schemes derived via the two methodologies. One study which did undertake this endeavor was conducted by Zhang et al. (2010) , who explored the structural and functional connectivity of the thalamus. Subregions within the thalamus were readily observable based on their differential patterns of connectivity with five different cortical regions, with similar patterns and strong anatomical overlap found between the tractographic and functional profiles. In addition, a good concordance was observed between these connectivity-based parcellations and those defined histologically (see also Zhang et al., 2008) . However, differences between the structural and functional mappings were identified, and functional connections were observed which did not correspond to those delineated via tractographic methods. Indeed, the relationship between structural and functional connectivity is complex, and their mapping is by no means one-to-one (Koch et al., 2002; Rykhlevskaia et al., 2008; Skudlarski et al., 2008; Uddin et al., 2008; Damoiseaux and Greicius, 2009; Greicius et al., 2009; Honey et al., 2009 Honey et al., , 2010 Van Dijk et al., 2010; Tyszka et al., 2011) . Studies have identified strong relationships between functional and structural connectivity, with the presence of a direct anatomical connection between two regions associated with the presence of strong functional connections (Skudlarski et al., 2008; Honey et al., 2009 Honey et al., , 2010 . However, functional connectivity does not necessarily infer structural connectivity, and studies have observed functional connections between regions where no structural connectivity exists Zhang et al., 2008; Tyszka et al., 2011) . For example, inter-hemispheric functional connections have been identified in individuals with agenesis of the corpus callosum (Tyszka et al., 2011) , or after undergoing commissurotomy . Conversely, brain regions which have been shown to be strongly anatomically connected may demonstrate only weak functional connectivity (Skudlarski et al., 2008) . Thus, it seems apparent that the brain's structural and functional connectivity, while complementary, is not identical. How the two connectivity methodologies relate to each other, and their relative importance in the delineation of regions of functional specialization within the cortex is an important issue which is only beginning to be explored.
As noted above, functional connectivity represents regions with correlated patterns of activation fluctuation, and while structural connectivity strongly constrains functional connectivity, functional coupling between two brain regions may occur via direct anatomical connections, or through indirect structural connections via shared brain regions (Damoiseaux and Greicius, 2009 ). As such, the interpretation of the underlying nature and meaning of a functional connection between two brain regions is less straightforward than for anatomical connections (Rubinov and Sporns, 2010; Sporns, 2011) . Still, when the ultimate goal of cortical parcellation is in the delineation of regions of functional specialization, it could be proposed that functional connectivity profiles benefit from the fact that they are indeed "functional". However, it has been noted that like diffusion tractography, resting-state functional connectivity is limited in its functional interpretation as it carries no task-related information (Eickhoff et al., 2011) . Indeed, while a strong overlap between the brain's intrinsic functional networks and those activated during task performance have been identified, this has not been consistently observed, and weak coupling between intrinsic and extrinsic functional architectures have been noted in subcortical, sensory, and motor regions (Mennes et al., 2012) . As such, a resting-state functional connection does not necessarily relate to a task-based functional connection. Consequently, researchers have developed new taskbased functional connectivity approaches, such as meta-analytic connectivity modeling, which show initial promise in delineating functionally interpretable parcellations of the human cortex (Eickhoff et al., 2011; Cauda et al., 2012) .
Since these words were written by Brodmann, the landscape of neuroanatomical research, and the methodological techniques available to visualize and map the cerebral cortex have advanced exponentially. However, despite over 100 years of research, their sentiment still rings true and there is currently no consensus as to what constitutes a cortical region or what criteria and anatomical features should be used in their delineation (Belmalih et al., 2009) .
Post-mortem histological identification of cytoarchitecture has been one of the most prominent methodologies for the delineation of structurally and functionally meaningful subdivisions of the brain, made famous by Brodmann himself. Brain function strongly depends upon both anatomical microstructure and connective architecture-cytoarchitecture determines a region's local processing capabilities whilst its connectivity governs the nature and flow of information to and from an area. The advent of modern diffusion imaging and white matter tractography has enabled the parcellation of the cortex into functionally specialized subregions via their unique complement of corticocortical connections in vivo. Recent studies have provided strong evidence in support of the efficacy of this connectional parcellation methodology, successfully parcellating areas including the inferior frontal cortex (Anwander et al., 2007) , the supplementary and pre-supplementary motor areas , the premotor cortex (Tomassini et al., 2007) , and the thalamus , emphasizing the relationship between variations in functional specialization and the underpinning connectional architecture. While important limitations still remain regarding both the tractographic parcellation technique and the delineation of the white matter pathways which serve as its input, substantial methodological advances continue to be made, improving its accuracy, validity and utility in the study of cortical functioning. The current research focus on the parcellation of the cerebral cortex via patterns of neural connectivity echoes Brodmann's original observations and his call for 'fibrilloarchitectonics' , which modern diffusion tractography can now deliver, in vivo.
